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Abstract Tropical cyclone (TC) intensity change is controlled by both environmental conditions and
internal storm processes. We show that TC 24‐hr subsequent intensity change (DV24) is linearly
correlated with the departures in satellite observations of inner‐core precipitation, ice water content, and
outflow temperature from respective threshold values corresponding to neutral TCs of nearly constant
intensity. The threshold values vary linearly with TC intensity. Using machine learning with the inner‐core
precipitation and the predictors currently employed at the National Hurricane Center (NHC) for
probabilistic rapid intensification (RI) forecast guidance, our model outperforms the NHC operational RI
consensus in terms of the Peirce Skill Score for RI in the Atlantic basin during 2009–2014 by 37%, 12%, and
138% for DV24 ≥ 25, 30, and 35 kt, respectively. Our probability of detection is 40%, 60%, and 200%
higher than the operational RI consensus, while the false alarm ratio is only 4%, 7%, and 6% higher.
Plain Language Summary Improving the predictive skill of TC intensity change, especially rapid
intensification (RI), has been a top priority of the National Hurricane Center (NHC). We show TC 24‐hr
subsequent intensity change (DV24) is approximately linearly correlated with the departures in satellite
observations of inner‐core precipitation, ice water content, and outflow temperature from respective
threshold values corresponding to neutral TCs of nearly constant intensity. The threshold values vary
linearly with TC intensity. Using machine learning techniques, we construct a statistical model for RI
forecast with a combination of the predictors included in the NHC probabilistic forecast guidance and
satellite observations of storm internal structure. The overall predictive skill of our model for 2009–2014 RI
in the Atlantic basin is better than the NHC operational RI consensus by 37%, 12%, and 138% for DV24 ≥ 25,
30, and 35 kt, respectively. The probability of detection for RI by our model is 40%, 60%, and 200%
higher than the operational RI consensus, while the false alarm ratio is only 4%, 7%, and 6% higher.
1. Introduction
Improving tropical cyclone (TC) intensity forecast skill has tremendous socioeconomic value. However, pro-
gress in reducing the TC intensity forecast error has been moderate compared to improvements in TC track
forecasts (DeMaria et al., 2014). Rapid intensification (RI), defined as 24‐hr TC maximum sustained surface
wind speed increase greater than 30 knots (kt, 1 kt ¼ 0.514 m s−1), is especially difficult to predict and
improving RI forecast skill has been the highest priority of the National Hurricane Center (NHC)
(Rappaport et al., 2012).
It is well known that TC intensity change is sensitive to environmental conditions. The Statistical Hurricane
Intensity Prediction Scheme (SHIPS) Rapid Intensification Index (RII) employed operationally at the NHC
was developed primarily using the environmental parameters that exhibit statistically significant differences
at the 99.9% level between the RI and non‐RI cases, such as sea surface temperature (SST), lower and middle
troposphere moisture, vertical wind shear, and upper tropospheric divergence (Kaplan & DeMaria, 2003;
Kaplan et al., 2010, hereafter K10; Kaplan et al., 2015, hereafter K15). On the other hand, internal storm
dynamics is also recognized as an important factor in RI processes, given favorable environmental condi-
tions (Hendricks et al., 2010). Some studies suggest that intense convective bursts or hot towers are crucial
to RI (e.g., Chen et al., 2018; Chen & Zhang, 2013; Hazelton et al., 2017; Molinari & Vollaro, 2010; Rogers
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• Tropical cyclone intensity change is
approximately linearly correlated
with surplus inner‐core
precipitation above a threshold
value
• The threshold value can be
determined from neutral TCs of
nearly constant intensity, and it
increases linearly with TC intensity
• Machine learning with combined
environmental factors and surplus
precipitation significantly improves
TC rapid intensification forecasts
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et al., 2015; Stevenson et al., 2014), while other studies argue that symmetric convective heating is more con-
ducive to RI (Jiang, 2012; Nolan et al., 2007; Nolan & Grasso, 2003; Shapiro & Willoughby, 1982;
Willoughby, 1990). In the SHIPS RII model, storm internal processes such as the strength and symmetry
of convection are crudely represented by the coldness and standard deviation of geostationary infrared
brightness temperature (BT) within 50‐ to 200‐km radius (K15).
Numerous studies show that satellite measurements of inner‐core precipitation rate and convective struc-
tures estimated from radar reflectivity or microwave BT are correlated with TC intensity and intensification
rate (e.g., Cecil & Zipser, 1999; Fischer et al., 2018; Jiang, 2012; Jiang et al., 2019; Jiang & Ramirez, 2013;
Kieper & Jiang, 2012; Rozoff et al., 2015; Shimada et al., 2018; Zagrodnik & Jiang, 2014), indicating the
potential value of these observations in operational forecasts. Fischer et al. (2018) introduced an anomalous
BT relative to the mean BT averaged for all TCs of the same intensity in order to decouple the dependence of
BT on TC current intensity and future intensity change. They showed that the normalized BT could be a
skillful predictor for RI (Fischer et al., 2018). However, an effective framework for transitioning these satel-
lite observations into operational forecasts has not been developed.
Moreover, satellite retrievals of cloud, water vapor, and temperature profiles reveal three‐dimensional storm
structures and their environments. Wu et al. (2012) analyzed the relationship of environmental relative
humidity (RH) with TC intensity and intensification rate using the RH observations from Atmospheric
Infrared Sounder (AIRS) on Aqua. Wu and Soden (2017) examined the ice and liquid water content
(I/LWC) fromCloudSat and found strengthening TCs generally have greater IWC but not necessarily greater
LWC than weakening TCs. Based on the TC potential intensity theory, outflow temperature in the tropical
tropopause layer (TTL) is an important factor in determining TC maximum intensity (Emanuel et al., 2013;
Wang et al., 2014). Hence, the TTL temperature measured by Aura Microwave Limb Sounder (MLS) may be
related to TC intensity change. Due to their infrequent asynoptic sampling frequency, measurements from
polar‐orbiting satellites are not widely used in operational statistical TC intensity guidance models. With
recent progress in miniaturized satellites for remote sensing, it is conceivable that more frequent observa-
tions of 3‐D storm structures will be available in the future (e.g., Blackwell et al., 2013). Hence, it is necessary
to examine whether satellite retrievals of storm structures are useful for objective TC intensity forecast
guidance.
This study aims to demonstrate the predictive capability of satellite observations of storm internal structures
for TC forecasting by incorporating them in a statistical RI forecast model with machine learning (ML) tech-
niques. It also evaluates the utility of the ML techniques compared with NHC's current objective RI gui-
dance. We first present empirical relationships between these measurements and future TC intensity
change and establish the observational basis for their use in operational forecast model. Then we show
the predictive skill of the MLmodel for RI episodes in the Atlantic and Eastern North Pacific (EPAC) basins
with combined SHIPS RII predictors and new predictors derived from the satellite observations. The ML
model performance is evaluated against the NHC operational RI forecast guidance for 2009–2014 TCs.
2. Data and Methods
We examine satellite observations of surface precipitation rate, IWC, and the TTL temperature in this study.
We sort these variables by TC current intensity (V) and subsequent 24‐hr intensity change (DV24). Based on
TC maximum sustained surface wind speed from the Best Track archive from the NHC and the Joint
Typhoon Warning Center (JTWC), four intensity groups are defined including tropical depression (TD,
V ≤ 33 kt), tropical storm (TS, 33 kt < V ≤ 63 kt), Category 1–2 hurricanes (H12, 63 kt < V < 96 kt), and
Category 3–5 hurricanes (H345, V ≥ 96 kt). The Best Track archive reports TC intensity every 6 hr with
5 kt resolution. Four intensification rate groups are defined according to the value of DV24: weakening
(W) (DV24 < −5 kt), neutral (N) (−5 kt ≤ DV24 ≤ 5 kt), slowly intensifying (SI) (5 kt < DV24 < 30 kt),
and rapidly intensifying (RI) (DV24 ≥30 kt). Only TCs in the Northern Hemisphere are considered in this
study.
Surface precipitation is taken from the Tropical Rainfall Measuring Mission (TRMM) 3B42 precipitation
product (Huffman et al., 2007). It has a 3‐hr temporal resolution and 0.25° × 0.25° spatial resolution covering
50°S to 50°N from 1998 to 2014, which contains 26,879 samples (Table S1 in the supporting information).
TRMM precipitation within 3 hr of the Best Track synoptic times are averaged. The CloudSat I/LWC data
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for TCs were archived in the CloudSat TC (CSTC) database (Tourville et al., 2015). The Level 2 I/LWC has a
resolution of 1.7 km along track and 1.3 km cross track. We use the overpasses with the point of closest
approach (PCA) within 50 km of the TC center from 2006 to 2016, resulting in 294 samples (Table S2).
The MLS temperature product has a resolution of ~165 km along track and ~12 km cross track (Schwartz
et al., 2008) and only the overpasses with the PCA within 150 km of storm center are used, resulting in
467 samples from 2004–2017 (Table S3). The Best Track TC intensity and DV24 are interpolated onto the
CloudSat and MLS measurement times.
As CloudSat and MLS data contain limited TC samples, we also analyze the ice water path (IWP) and TTL
temperature from the Modern‐Era Retrospective analysis for Research and Applications, Version 2
(MERRA‐2) reanalysis to increase sample size and statistical significance of the composite results. The
MERRA‐2 3‐hourly reanalysis has a resolution of 0.625° × 0.5° (Gelaro et al., 2017). There are 44,728 TC sam-
ples from 1998 to 2017 over global oceans coincident with the Best Track TC data (Table S1).
The data sets and methods for the ML modeling are described in section 3.2.
3. Results
3.1. Basis for Satellite Observations of Storm Internal Structures as RI Predictors
Figure 1 depicts the horizontal distribution of composite surface precipitation in storm‐centered coordinates
for different TC intensity and intensification rate groups. In each intensification rate group, the inner‐core
precipitation rate generally increases with TC intensity. Similarly, in each intensity group, the inner‐core
precipitation rate increases with intensification rate. In this study, the inner‐core loosely refers to the area
within about 100‐km radius of storm center and our results are not very sensitive to the exact distance to
the storm center constrained by the resolution of TRMM precipitation product. There appears to be some
azimuthal asymmetry in the composite precipitation distribution, especially for major hurricanes (H345),
although it is unclear how significantly the azimuthal asymmetry affects TC intensity change. A wavenum-
ber analysis of the storm‐centered precipitation field might be helpful (Bhalachandran et al., 2019),
although, for simplicity, that is not considered in this study.
Displaying the mean precipitation rate within 100 km of storm center (P) as a function of TC current inten-
sity (V) for the four intensification rate (DV24) groups (Figure 2a), we observe four nearly parallel semilinear
curves that shift upward for increasing DV24. Defining a surplus S ≡ P − PN, where PN is the inner‐core pre-
cipitation rate for neutral TCs of the same intensity and increases approximately linearly with V, DV24
would be an increasing function of S for all values of V. Figure 2b displays DV24 at 5‐kt intervals against
the composite mean S for all TCs and for three TC intensity groups. It is striking that all four curves in
Figure 2b collapse to one with the curve for hurricanes shifting slightly to the left. This suggests that the com-
posite relationship between DV24 and S is universal for all TCs of different intensities. For intensifying
storms (DV24 > 5 kt), DV24 increases approximately linearly with S. For weakening storms (DV24 < −5
kt), DV24 is insensitive to S, suggesting other processes including asymmetric convective heating may con-
tribute to the decay of storms.
The relationships between DV24 and S are similar for individual ocean basins and for different latitude
bands, although the regression slopes for the linear fits between the composite mean DV24 and S differ with
the regions of warmer climatological SST having slightly steeper slopes (Figures S1 and S2). However, the
physical mechanism for this sensitivity is not known.
The positive relation between DV24 and S for intensifying storms suggests that the surplus precipitation
could be a good predictor for RI. Our definition of the surplus is analogous to the normalized BT proposed
by Fischer et al. (2018) but accentuates its physical meaning, that is, excessive convective heating above that
of neutral TCs is approximately proportional to subsequent TC intensity change in terms of composite
means averaged over a large number of samples. For individual TCs, many other factors are at play and sub-
stantial deviations from the mean relationship are observed, as shown by the joint occurrence frequencies of
DV24 and S (Figure 2b). The correlation between DV24 and S is 0.24 (statistically significant at 99% level for
a sample size over 26,000).
Similar to precipitation, the composite mean IWC from CloudSat and IWP from MERRA‐2 exhibit positive
correlations with TC intensity and intensification rate (Figures S3 and S4), consistent with the findings in
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Wu and Soden (2017). The average IWPwithin 100 km of storm center is plotted as a function of TC intensity
for four intensification groups in Figure S7a. It resembles inner‐core precipitation remarkably: It increases
roughly linearly with TC intensity for each intensification rate group and the intensifying (weakening)
storms have surplus (deficit) IWP over that of neutral TCs of the same intensity. The reason for the
striking similarity between inner‐core precipitation and IWP is because both quantities are correlated to
the magnitude of convective heating (Nolan et al., 2019) and stronger convective heating promote greater
TC intensification (Nolan et al., 2007).
Based on TC potential intensity theory, warmer SST and colder outflow temperature would permit stronger
maximum intensity and thus higher likelihood of intensification (Emanuel et al., 2013; Wang et al., 2014).
Therefore, it is not surprising that TC intensity and intensification rate are positively correlated with SST
minus 100‐hPa temperature and negatively correlated with 100‐hPa temperature from MLS and
MERRA‐2 (Figures S5–S7). However, the composite TTL temperature differences between the weakening
Figure 1. Composite maps of surface precipitation rate (in mm hr−1) in storm‐centered coordinate for tropical cyclones in four intensity and four intensification
rate groups (see text for details). The precipitation is from TRMM 3B42 from 1998 to 2014.
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and neutral storms are rather small, indicating that the outflow temperature is not critical in determining
the weakening of a TC. Unlike the inner‐core precipitation and IWP, the TTL temperature is not a simple
linear function of TC current intensity. It increases from tropical depression to tropical storm and then
decreases with increasing TC intensity for hurricanes (Figure S7b). The deficit in the TTL temperature
relative to that of neutral TCs could be a potential predictor for TC intensification rate.
3.2. Using ML Techniques to Apply the Satellite Observations Into RI Forecast
To test the predictive power of the surplus precipitation and other measurements of storm structures, we
apply ML techniques for RI forecast with the SHIPS RII predictors and the parameters representing internal
storm structures. To compare the ML forecasts with NHC's operational RI consensus, only cases from the
Atlantic and EPAC are included in the ML models. The ML models are trained for the Atlantic and EPAC
basins separately using the SHIPS developmental database, which are based on Climate Forecast System
Reanalysis (CFSR) and GOES IR data from 1998 to 2008. Then we test the model in RI forecasting using
the archived National Centers for Environmental Prediction (NCEP) Global Forecast System (GFS) forecast
fields, GOES BTs, and NHC operational initial storm intensity and location data for the period of 2009 to
2014. Note that the training data uses a “perfect prog” approach where the poststorm best track positions
and model analysis fields are used to determine the ML parameters, but the testing data set uses only what
was available in real time, including forecast tracks and global model forecast fields. The period of 2009–2014
was chosen because the available NCEP forecast fields start from 2009 and the TRMM 3B42 precipitation
data ended after 2014. We compare our ML model results against the NHC operational RI consensus from
forecast reruns. The operational RI consensus is the average of the logistic regression, Bayesian, and the dis-
criminant analysis‐based SHIPS‐RII probabilistic forecast results and is the most skillful model for RI at the
NHC according to K15 for 2008–2013 TCs. Three RI thresholds are considered, that is, DV24 ≥25, 30 and
35 kt. Both deterministic and probability forecast skill are assessed.
The predictive skill for deterministic RI forecast are evaluated in terms of three metrics: probability of detec-
tion (POD), false alarm ratio (FAR), and the Peirce Skill Score (PSS) (K10; K15). Denoting the number of true




and PSS ¼ ad − bc
aþ cð Þ bþ dð Þ, with the best scores being 1, 0, and 1, respectively.
For the probability forecasts, the Brier Skill Score (BSS) relative to the climatology (e.g., K10; K15) is a metric
routinely used at the NHC. The Brier score for a forecast model is defined asBSM ¼ 1
N
∑Ni¼1 f i − Oið Þ, where fi
is the forecast probability and Oi is 1 or 0 if the event is observed or not, respectively. The BSS relative to the
climatology is defined asBSS ¼ 1 − BSM
BSC
 
; whereas the Brier score of the climatological forecast is BSC. A
positive value of BSS indicates a better predictive skill than climatological forecast and a BSS of 1
Figure 2. (a) Composite inner‐core precipitation rate as a function of TC intensity (in kt) for four intensification groups.
(b) TC future 24‐hr intensity change (DV24) as a function of surplus precipitation for all TCs and three TC intensity
groups. The standard errors of precipitation and the surplus precipitation for each group are shown in (a) and (b),
respectively. The joint occurrence frequency of DV24 and the surplus precipitation is shown in orange color shading.
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corresponds to a perfect model. In this study, the climatological probability of RI in each basin is based on
the values listed in the SHIPS RII forecast dataset for 2009–2014 TCs.
We employ a number of ML schemes, including logistic regression, random forecast, decision tree and extra
tree available in standard Python scikit‐learn package and IBM Watson Studio to build our ML Hurricane
Intensity Forecast Scheme (ML.HIFS). A weighted average of the RI probabilities from the four ML schemes
is constructed for the final model, which provides a dichotomous RI classifier and the corresponding RI
probability (see supporting information). In the training of the ML models using the 1998–2008 samples,
we adopt the leave‐one‐year‐out method (K15) to cross validate the model performance, that is, any 10 years
of data are used to train a model and the year left out is used to verify the model performance. We compute
the BSS and PSS for the training process using all the years that were verified. Then we vary the hyperpara-
meters in individual ML schemes and the weights of different ML schemes in the ensemble models in order
to seek a combination of parameters that yield the highest BSS or PSS for the training data. The final ML.
HIFS corresponds to the one with the highest BSS in a particular basin and for a specific RI threshold. If
we select the final ML.HIFS that yields the highest PSS for the training data, the exact forecast performance
for the test data of 2009–2014 could vary but the conclusions are qualitatively similar. When the final ML.
HIFS is applied to the test data from 2009 to 2014, we use NCEP forecast fields in place of reanalysis fields.
Note that we have only explored a limited number of tunable hyperparameters in the ML schemes as the
purpose of this study is to demonstrate a prototype and potential impacts of usingML to incorporate satellite
observations into operational forecasts. For real‐time operations, the hyperparameters and weights for the
individual ML schemes should be updated based on available samples prior to each hurricane season.
Nine predictors employed in the current SHIPS‐RII model are shown in Table S4. The details of these pre-
dictors are described in K15. We construct ML models using the SHIPS RII predictors with and without
the surplus inner‐core precipitation from TRMM. The inner‐core IWP and 100 hPa temperature from
MERRA‐2 are also used separately in the ML modeling. CloudSat and MLS measurements are not used in
forecast modeling due to limited sample size.
Figures 3a and 3e display the BSS of the final ML.HIFS performance using the SHIPS RII predictors without
(blue) and with (red) the surplus precipitation from TRMM based on the leave‐one‐year‐out cross validation
for 1998–2008 training data. The corresponding PSS values are shown in Figure S8. The BSS values of our
model for the Atlantic (EPAC) are about 20% (25%), 15% (21%), and 10% (20%) for 25‐, 30‐ and 35‐kt RI
thresholds, respectively, very close to the operational RI consensus model rerun for 2004–13 (see Figure 5
in K15). The BSS values for EPAC are always higher than the Atlantic counterparts, as known for the opera-
tional models at the NHC (K10; K15). Using the SHIPS RII predictors only, our ML.HIFS produces PSS for
the Atlantic (EPAC) about 0.58 (0.625), 0.605 (0.64), and 0.60 (0.68) for 25‐, 30‐ and 35‐kt RI thresholds,
respectively. When the surplus inner‐core precipitation is combined with the SHIPS RII predictors in the
ML.HIFS, the BSSs do not change significantly (Figures 3a and 3e) and the PSSs increase or decrease by
0.1–0.2 in absolute value and 1–3% relatively (Figure S8), probably because the infrared BT predictor in
the SHIPS RII already represents some of the inner‐core convective structures.
When the ML.HIFS is applied to the test data from 2009–2014, the resulting BSS, PSS, POD, and FAR for RI
episodes in the Atlantic and EPAC are compared with the counterparts from the operational RI consensus
forecast (Figure 3 and Table S5).
For the Atlantic basin, the PSS, POD, and FAR for 25‐kt RI threshold derived from the operational RI con-
sensus forecast probability for 2009–2014 TCs are similar to those in K15 for 2008–2013 TCs, but the PSSs
and PODs for 30‐ and 35‐kt RI thresholds are noticeably higher than their counterparts for 2008–2013 TCs
in K15, likely because the operational RI consensus model used more data in the regression fitting than that
in K15. Using the SHIPS RII predictors only, our ML.HIFS outperforms the NHC consensus forecast for all
RI thresholds in the Atlantic basin (Figures 3b and 3c and Table S5). The absolute increases in PSS for 25‐,
30‐, and 35‐kt RI thresholds are 0.04, 0.01, and 0.22, corresponding to relative improvements of 13%, 4%, and
138%, respectively. Such increases in PSS are associated with drastic increases in POD offset by slightly
higher FAR. For DV24 ≥35 kt, the ML.HIFS has a POD about 3 times the NHC operational RI consensus
and only ~6% higher FAR. With the addition of the TRMM precipitation as a predictor, the PSS for 25‐kt
RI is further increased to 0.41, a 37% relative improvement. This is associated an increase in POD and a
reduction in FAR compared to using the SHIPS RII predictors only. The inclusion of the surplus
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precipitation in the ML model produces a 12% improvement relative to the NHC model for 30‐kt RI. Hence,
the ingestion of the surplus precipitation in the ML could further enhance the improvement by the ML
relative to the NHC model by 24% (8%) for 25‐ (30‐)kt RI thresholds, but no impact for 35‐kt RI threshold.
In summary, our ML.HIFS with the surplus precipitation exceeds the operational RI consensus by 37%,
12%, and 138% in PSS; 40%, 60%, and 200% in POD; and 4%, 7%, and 6% in FAR for DV24 ≥25, 30, and
35 kt, respectively. We note that the cost function in our ML model training oversamples the RI cases to
maximize the overall predictive skill for RI (see supporting information), resulting in higher POD and
FAR than the operational RI consensus. Without the oversampling, the ML model tends to produce lower
FAR but also undesirably lower POD and PSS.
For EPAC, the operational RI consensus for 2009–2014 exhibits a substantial improvement from the
2008–2013 scores shown in K15: the PSS values for 25‐, 30‐, and 35‐kt RI thresholds are 0.66, 0.59, and
0.57 respectively, compared to 0.45, 0.50, and 0.42 for 2008–2013 TCs (K15). Our ML.HIFS produces a
PSS of 0.60 for 25‐kt RI threshold, 9% lower than the operational RI consensus forecast. For 30‐ and
35‐kt RI thresholds, the ML.HIFS produces 2–5% better PSS than the operational RI consensus, associated
with simultaneous increases in POD and FAR (Figure 3 and Table S5). Nevertheless, applying ML tech-
niques and including precipitation data could improve the RI forecast relative to the NHC operational
model in EPAC, but the relative improvement tends to be small, possibly because the NHC model for
EPAC is fairly good and it is more difficult to generate sizeable improvements than in the Atlantic.
Adding precipitation would improve the PSS by about 3% for the 30‐kt RI and has nearly no impact on
the PSS for 25‐ and 35‐kt RI in EPAC.
Previous studies showed that RI under moderate wind shear of 5–10 m s−1 can be particularly difficult to
forecast (Bhatia & Nolan, 2013). We find that our ML model improves the Atlantic RI forecast for the mod-
erate shear cases by about 50%, 15%, and 80% in PSS for 25‐, 30‐, and 35‐kt RI thresholds relative to the opera-
tional RI consensus, but very little in EPAC (Figure S9).
Applying the surplus IWP and deficit 100‐hPa temperature relative to the neutral TCs as additional predic-
tors in the ML.HIFS, we find varying degrees of improvement or degradation relative to the operational RI
Figure 3. Predictive skill for RI occurrence in North Atlantic (top) and Eastern North Pacific (bottom) for three RI thresholds (DV24 ≥25, 30, and 35 kt). (a and e)
The Brier Skill Score (BSS) relative to climatology for the training data from 1998 to 2008 using the leave‐one‐year‐out cross‐validation method. (b–h) The forecast
scores for the test data from 2009 to 2014. (b and f) the Peirce Skill Score (PSS), (c and g) Probability of Detection (POD), and (d and h) False Alarm Ratio
(FAR). The gray bars represent the operational RI consensus forecast scores and the blue (red) bars represent the machine learning model using the SHIPS RII
predictors without (with) the surplus precipitation from TRMM. Better skill corresponds to higher BSS, PSS and POD, and lower FAR.
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consensus (Figure S10). The degradation of the MLmodel performance when a new predictor is added is not
surprising because overfitting with increased degree of freedom during training may result in poorer perfor-
mance in testing. It is not clear what would be the optimal degree of freedom for the ML model to produce
the best performance. The forecast impacts of inner‐core IWP and 100‐hPa temperature fromMERRA‐2 are
generally weaker than that of precipitation, partly due to the uncertainties associated with the reanalysis
product.
4. Conclusions and Discussions
This study shows that satellite observations of internal storms structures such as inner‐core precipitation,
IWC/IWP, and outflow temperature bear simple relations with TC intensification rate when sorted by TC
current intensity. Using the properties of neutral TCs as thresholds, the surplus or deficit in inner‐core pre-
cipitation, IWP and TTL temperature are found approximately linearly correlated with subsequent 24‐hr TC
intensity change. These statistically robust relationships are physically meaningful and form the basis for
these satellite measurements to act as predictors for TC future intensity change, especially for RI.
Aiming for rapid application of new satellite observations into operational forecasts, we present a ML frame-
work that combines National Aeronautics and Space Administration (NASA) satellite products and conven-
tional predictors employed at the NHC for statistical RI forecasts. An ensemble average of linear and
nonlinear ML models is constructed. We show that the ensemble ML model produces noteworthy improve-
ments for RI forecast in the Atlantic basin, especially for RI of DV24≥35 kt. For such intense RI episodes, the
NHCmodel performance has been disappointingly low in the Atlantic (PSS < 0.2) (K10; K15). Our ML.HIFS
increases the POD of the 35‐kt RI events by ~200% at the cost of only 6% higher FAR. The overall skill for
these RI episodes is increased by 138%. For RI of DV24 ≥25 kt, our ML.HIFS outperforms the NHC best
model by 37% and the contribution by adding the surplus precipitation is 24%.
For EPAC, the ML model surpasses the operational RI consensus by a small margin (up to 5%) except for
25‐kt RI, whereas the operational RI consensus performed exceptionally well during 2009–2014. The inges-
tion of MERRA‐2 inner‐core IWP and the tropopause temperature produces mixed and weaker impacts on
RI forecast compared to precipitation. Further study is needed to understand the roles of condensates and
outflow temperature.
Our results suggest that intelligently applying satellite retrievals into operational forecast with ML techni-
ques has tremendous potential. The Integrated Multi‐satellitE Retrievals for Global Precipitation
Measurement (IMERG) provides precipitation measurements at 0.5 hr temporal and 0.1° spatial resolution
over most of the Earth's surface with 3‐hr latency, adequate for operational TC forecast guidance (Huffman
et al., 2015). With more and more constellations of miniaturized satellites coming into orbit, frequent sam-
pling of storm internal structures and their environments will be possible. A ML‐based statistical modeling
framework will be extremely valuable to transition these observations into operational use and significantly
improve TC intensity forecasts, especially for RI.
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